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vSUMMARY
Following the evolvement of technology in the trading and reporting systems of 
financial markets in the recent past, the abundance of high frequency data made 
available for analysis has opened up the scope for more insightful research work on 
the intraday behaviour of financial market data. Since then, there have been several 
papers that have worked on characterizing the behaviour of intraday prices, returns 
and volumes of financial market data. Hence, this thesis consists of two empirical 
studies attempting to examine both the intraday behaviour and the dynamics of the 
stock index and index futures in the Singapore Exchange (SGX) in the high frequency 
regime. Using high frequency intraday data from 1st September 2004 to 31st October 
2004, the first part of the thesis examines the patterns of the intraday returns of the 
Singapore Straits Times Index (STI) and the MSCI Singapore Free (SiMSCI) Index
futures contract. The popular Variance Ratio framework together with other 
commonly employed tests will be used as comparison in our inference of the serial 
correlation in the returns series. Interestingly, our empirical findings report no 
evidence of asynchronous trading effect present in the observed STI stock index 
returns while the unusual phenomenon of strong significant positive serial correlation 
is observed in the SiMSCI futures returns.
The impact of futures trading on the underlying stock index has been a constant 
debate for the past decades in both finance literature and among industry practitioners. 
Hence, the second part of the thesis will investigate the efficiency of the markets for 
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the Straits Times Index (STI) and Singapore (SiMSCI) Free Index Futures Contract
by establishing its lead-lag relationship. Both the first and second moment 
dependencies are considered in our analysis. Consistent with many existing literatures, 
we show evidence of the SiMSCI futures returns leading the STI stock index returns 
by an average of 5 minutes. However, when the second moment dependencies across 
the returns series are examined using the BEKK-GARCH model formalized by Engle 




In this era of irrational exuberance1, high volatility and associated market risk have 
increased the demand for hedging instruments which are designed to protect the value 
of the underlying financial asset through the diversification of risk. One of the most 
important hedging instruments in our current era is a futures contract which in 
essence is a legally binding agreement to buy or sell a specific quantity of the 
underlying asset at a predetermined date in the future based on a price agreed today. 
To facilitate trading and clearing, futures contracts are standardized in all aspects 
apart from price. Stock index futures have a variety of attractive features for a trader 
who wishes to trade the share portfolio corresponding to the index. Stock index 
futures contract trading originated in the United States, being one of the major 
financial innovations in the 1980s. Following the tremendous growth in the futures 
index trade, many researchers have focused on the studies of the trading patterns of 
index futures, together with their causal relationship with the underlying indices.
High frequency finance is a relatively new field (Goodhart and O’Hara (1997)). 
Tailing the evolvement of technology in the trading and reporting system of financial 
markets, intraday financial market data has become available for analysis. This high 
frequency data constitutes prices and volumes data that can be observed at interval as 
small as a second. The first high frequency data made available was the time series of 
                                                
1 Alan Greenspan used this term to describe market behaviour at the Annual Dinner of The American 
Enterprise Institute for Public Policy Research, Washington, D.C. December 5, 1996
2every single traded price on the New York Stock Exchange (NYSE). While the first 
study of high frequency data began on the foreign exchange markets with data made 
available by Olsen and Associates. In particular, high frequency data have the 
potential to uncover many interesting insights on the behaviour of intraday financial 
market data. Not surprisingly, studies on the time series patterns of intraday returns 
and volatility have proliferated rapidly into one of the few controversial topics in the 
finance literature over the last decade. Since then, a huge literature that focused on 
characterizing the behaviour of intraday prices, returns and volumes of financial 
market data has emerged.
The random walk theory asserts that price movement will not follow any pattern or 
trend and that past price movement cannot be used to predict future price movement 
in financial assets. Many empirical tests on the Efficient Market Hypothesis2 (EMH) 
focused on the presence of serial correlation in the financial market data where 
significant serial correlation will hence indicate that prices could be forecasted. Most 
of the empirical literatures on market efficiency documented that serial correlation in 
daily returns are very small. On the other hand, empirical studies on the intraday 
behaviours of financial market data in the high frequency regime are still by far very 
limited. In consideration of all these developments, the first motivation of this thesis 
                                                
2 An efficient market is defined as a market where there are large numbers of rational, profit-
maximizers actively competing, with each trying to predict future market values of individual 
securities, and where important current information is almost freely available to all participants. In an 
efficient market, competition among the many intelligent participants leads to a situation where, at any 
point in time, the actual price of a security will be a good estimate of its intrinsic value. Hence, under 
the null of the EMH, serial correlation ought to be negligible.
3is to examine the intraday behaviours of both the stock index and index futures in the
high frequency regime using a more advanced econometrical technique. 
The theoretical relationship between a stock index futures price and its underlying 
asset is governed by the cost of carry model (MacKinlay and Ramaswamy (1988))
which is as follow:
(1)                   Ft = St e
(r-d)(T-t)
where Ft is the index futures price quoted at time t, St is the value of the underlying 
stock index, r gives the continuously compounded risk-free rate of return, d is the 
continuously compounded dividend yield, and T is the maturity date for the futures 
contract. As such, r – d is the net cost of carrying the underlying stocks in the index 
and T – t is the time remaining in the futures contract life.
In perfectly efficient and continuous futures and stock markets absent of transaction 
costs, riskless arbitrage profits will not be reaped and the cost-of-carry model in (1) 
should be satisfied at every instant t during the futures contract life. As such the 
instantaneous rate of price appreciation in the stock index would equal to the net cost 
of carry of the stock portfolio plus the instantaneous price change of the futures 
contract given:
4(2)                     ft = st + (r - d)            
                   
where ft = In (Ft / Ft-1) and st = In (St / St-1). Thus both futures and spot returns should 
be contemporaneously related and no one market should lead the other.
On the contrary, many empirical studies over the past decades have proved otherwise.
Findings from most empirical papers provided evidence of futures leadership over its 
underlying stock index. The second motivation of this thesis aims to testify if futures 
leadership exists even after the effects of infrequent trading and bid-ask bounce are 
plunged and if such leadership phenomenon is unidirectional. Both the first and 
second moments are considered in our analysis of the causality between the returns of 
the stock index and index futures. 
Most of the research done until now relates to the U.S. market. Only a limited number 
of recent studies tackled the U.K. market while very few empirical works were 
performed on other countries, especially the emerging market economies. The past 
twenty years have seen substantial changes in the degree of openness and stability in 
most of Asia’s emerging markets. Especially after the onset of the Asian Financial 
Crisis, numerous capital markets in Asia went through intensive reforms leading to 
the accelerated pace of financial integration in the region. As a result, funds in Asia 
have emerged as a popular alternative choice for global investors. As capital markets 
in Asia continue to transform under the soaring pace of financial liberalization and 
the improved quality of corporate governance, Asia has began to emerge as a major 
5destination for global investment funds. Indeed, the last decade saw massive capital 
flows in and out of Asia. Given the rising significance of Asia’s emerging financial 
markets, our motivations to employ advanced econometrical techniques to examine 
the interactions between the stock index and index futures contract in the high 
frequency regime in these markets is judiciously justified. Emerging markets, unlike 
the mature U.S. market, might paint a completely different conclusion from the 
existing literature; together with the possibility of unique findings along the way, our 
study will be pertinent to both industry practitioners and academics by giving them an 
overall outlook of the intraday behaviours and interactions of the emerging financial 
market. We will confine our analysis to Singapore in this thesis.   
This thesis focuses on the dynamics of the Singapore Exchange market using the 
Singapore Straits Times Index (STI) and the MSCI Singapore Free (SiMSCI) Index
futures contract as our choices of analysis. This thesis aims to produce a marginal 
contribution to the existing literatures by examining if the empirical findings on the
intraday patterns and interactions of the stock index and index futures in the emerging 
Singapore financial market are consistent with those documented by past literatures
on mature markets over the recent decades.
The remaining part of the thesis is organized as follows. Section 2 presents the 
background of the literature review that has revolved around this area of research
over the past decades and states the hypotheses for this thesis. Section 3 gives a brief 
description of both the market and the data, together with the various empirical 
6methodologies employed in our analysis. Section 4 discusses the empirical findings, 
and finally, section 5 gives the conclusion for the study and also the scope for further 
research regarding this area.
7CHAPTER 2
LITERATURE REVIEW AND HYPOTHESES
2.1.1 Serial Interdependence in High Frequency Returns
Since many decades ago, there has been an extensive literature in finance to examine 
the univariate time series behaviour of the prices, returns and volumes of financial 
market data. One of the most common and popular topic in this area of research is 
whether stock prices deviate from a random walk. The random walk theory in stock 
prices has a long history in finance. In addressing this issue, both academic
researchers and industry practitioners have employed different empirical techniques 
which have led to different conclusions. Much of this controversy seems to be due to 
the particular choice of test statistics employed in the empirical analysis. The study of 
serial correlation in financial time series is particularly important in financial 
economics since it can reveal basic features of the trading process. Some of the more 
popular univariate test statistics include the estimated serial correlation coefficient t 
statistic, the Variance Ratio (VR) statistic and the J-statistic. However, the studies of 
these various test statistics are mainly concentrated on inter day and inter month
prices and returns of financial market data.
There are a number of empirical studies on the high frequency financial market data 
from New York Stock Exchange (NYSE). Wood, McNish and Ord (1985) studied the 
behaviour of minute by minute average market return series in NYSE using the t 
statistics test for the estimated serial correlation coefficients. Their paper reported 
8significant positive serial correlation in the market returns series that include
overnight trades. However, no significant serial correlation is observed for the entire 
trading day when overnight returns are excluded. Their empirical findings showed
that a majority of days report significant t statistics for one to nine minutes lags for 
the period 1971 to 1972 and for one to fifteen minutes lags for the 1982 period at the 
5% confidence level. They attributed the causes of such observed serial correlation to 
the effects of infrequent trading and large overnight trades.
2.1.2 Variance Ratio Test
The Variance Ratio (VR) test is also a popular test used in many empirical literatures
to test for serial correlation in financial market data (Lo and MacKinlay (1988),
Poterba and Summers (1988), Malliaropulos and Priestley (1990), Kim et al. (1991), 
Frennberg and Hansson (1993) and Felix Ayadi and Pyun (1994)). However, the use 
of the Variance Ratio test in the high frequency data literature has been relatively 
limited so far. Among many of the empirical literatures, Lo and MacKinlay (1988) 
heteroskedasticity consistent variance ratio statistics is the most commonly employed 
form used to test for serial correlation in the financial time series. Thomas and 
Patnaik (2003) used the non overlapping heteroskedasticity consistent variance ratio 
statistics on high frequency data to examine the behaviour of serial correlation in the 
NSE Nifty 50 stock index returns from the National Stock Exchange of India for the 
period March 1999 to February 2001. Their paper reported no evidence of significant 
serial correlation even at the five minute interval for the NSE Nifty 50 market index 
9returns. However, significant negative serial correlation is observed at the ten and 
fifteen minute intervals for the returns of individual stock in the constituent index.  
There have been several papers extending and improving the tests of the variance 
ratio and a number of alternative variance ratio tests have been proposed in the 
literature. Apart from the original variance ratio tests proposed by Lo and MacKinlay 
(1988), there is the sub sampling test of Whang and Kim (2003) and the non-
parametric tests of Wright (2000) which proposed exact tests of variance ratio 
statistics based on the ranks and signs of time series. In addition, Richardson and 
Smith (1991) developed the Wald test which takes into account serial correlation
induced by overlapping observations when the variance ratio statistic is calculated, 
Cecchetti and Sang Lam (1994) proposed a Monte Carlo method for exact inference 
when using a joint test of multiple variance ratio statistics for small samples, Chow 
and Denning (1993) extended the original form to test multiple variance ratio 
statistics jointly and Pan et al. (1997) used a bootstrap scheme to obtain an empirical 
distribution of the variance ratio at each period.   
2.1.3 Empirical Findings
Most of the empirical literatures on testing the serial correlation of stock index returns 
on intraday high frequency data documented evidence of significant strong positive 
serial correlation (Wood, McNish and Ord (1985), Stoll and Whaley (1990),
Grunbichler, Longstaff and Schwartz (1994) and Jong and Nijman (1997)).
Significant negative serial correlation is sometimes observed in the index returns 
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especially if the index is narrowly based (Stoll and Whaley (1990), Chan (1992), 
Grunbichler, Longstaff and Schwartz (1994) and Jong and Nijman (1997)). For 
individual stock returns, no significant positive serial correlation is however observed 
but significant negative serial correlation is observed most of the time (Stoll and 
Whaley (1990), Jong and Nijman (1997) and Thomas and Patnaik (2003)). Many 
studies have hence been done to explain the results of these empirical findings on the 
intraday patterns of the observed returns. Two well known explanations put forth to 
reconcile the documented intraday patterns of serial correlation observed in the 
market index returns are the theories of infrequent trading and bid-ask bounce effect.   
2.1.4 Infrequent Trading Effect
Different stocks have different trading frequencies, and even for a single stock the 
trading intensities varies from hour to hour and from day to day. This non 
synchronous trading will tend to lead to a stock that is being traded more actively to 
react to news or shocks faster than another stock that is traded at a lesser intensity. 
Hence, the former stock will appear to be leading the latter and this lead lag cross 
correlation between these two stocks will introduce significant positive serial 
correlation in the stock index level, and hence index returns. This is the well known 
infrequent trading effect put forth to explain the significant strong positive serial 
correlation observed in many empirical literatures. Before the introduction of high 
frequency data literature, Fama (1965) has observed positive serial correlation in the 
daily returns of the index calculated from infrequently traded stocks. This is due to 
the fact that the prices of some illiquid stocks may reflect in the index calculated in 
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the next period and result in positive correlation with the previous index. Many other 
empirical studies on the behaviour of interday and interweek financial time series also 
produced similar results (Lo and MacKinlay (1988)). Therefore, we can expect the 
erroneous positive serial correlation induced from non synchronous trading to be 
much stronger for studies of intraday behaviour based on high frequency data.  
2.1.5 Bid-Ask Bounce Effect
The presence of market makers in stock exchanges provides adequate market 
liquidity3 by standing ready to buy or sell whenever investors wish to sell or buy. 
Hence, market makers play an important role in facilitating trades in many stock 
exchanges. In return for providing liquidity, market makers are granted monopoly 
rights by the exchange to post different prices for the purchases and sales of a 
security. They buy at the bid price and sell at the higher ask price where the bid price 
is the sale price and the ask price is the purchase price for the public respectively. The 
difference between the bid and ask prices is called the bid-ask spread, which is also 
the primary source of compensation for market makers. The existence of bid-ask 
spread has several important consequences in the intraday times series patterns of 
stock returns and often introduces negative serial correlation in the stock returns
(Ruey S. Tsay (2001)). This is the well known bid-ask bounce effect discussed by 
Roll (1984), MacKinlay and Ramaswamy (1988) and Campbell, Lo and MacKinlay 
(1997). Hence, non synchronous trading, in a more complicated manner, can also 
induce erroneous negative serial correlation for individual stock which will in turn 
                                                
3 By market liquidity, we mean the ability to buy or sell significant quantities of a security quickly, 
anonymously, and with little price impact.
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introduce negative serial correlation to the stock index, especially if the index is 
narrowly based. This effect, however, is mitigated for stock indexes because of the 
averaging of stock prices.
2.1.6 Stock Index Futures
Ever since the introduction of the stock index futures in the financial markets in the 
1980s, there have been an extensive study on the financial market data of index 
futures. More recently, empirical studies on the intraday behaviour of the futures 
markets in the high frequency regime are rising rapidly with the availability and easy 
accessibility of high frequency data on futures markets. However, most of the studies 
done so far were more focused on the causal relationship between the index futures 
and their underlying indices. Surprisingly, little attention has been given to the 
intraday behaviour of index futures returns. Most empirical studies done on the 
futures markets used the simple t statistics on the estimated serial correlation
coefficients to test for serial correlation in the observed futures returns, very few
studies have employed more advanced test statistics to check for serial correlation in 
the intraday patterns of index futures (Reno and Bianco (2005)). Since index futures
is a single financial instrument, the erroneous positive serial correlation induced by 
non synchronous trading should not exist in the observed futures returns. However,
the negative serial correlation induced by the bid-ask bounce effect observed in many 
of the individual stock returns is likely to be observed in the index futures returns as 
well. Therefore, the time series of index futures returns in the high frequency regime 
is very likely to be characterized by little serial correlation or significant negative 
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correlation. Most of the empirical studies done so far in examining the serial 
correlation of index futures returns are consistent with the literature.     
The recent paper by Reno and Bianco (2005) is one of the very few studies on futures 
markets which used a more advanced test statistics apart from the commonly 
employed t statistics to test for serial correlation in the intraday financial time series 
of index futures. In their paper, they employed the variance ratio test to examine the 
serial correlation pattern of the Italian stock index futures (FIB30) for the period 
January 2000 to December 2002, a total of 751 trading days. Their empirical findings 
reported evidence of serial correlation in high frequency prices of the Italian stock 
index futures and the serial correlation is mainly negative and it is non negligible for 
periods smaller than 20 minutes. They also showed in their paper that the observed 
negative serial correlation in their empirical findings is due to the well known bid-ask 
bounce effect.
Stoll and Whaley (1990) investigated the intraday time series behaviour of the U.S 
indices using observations on all transactions of the S&P 500 index and the Major 
Market index (MMI) together with the futures on these indices. In their paper, each 
trading day is partitioned into fixed 5 minute intervals where the first prices observed 
in these intervals are then used to compute the 5 minute returns. Using the simple t 
statistics test on the estimated serial correlation coefficients of the observed returns, 
their findings reported strong and significantly positive serial correlation in the S&P 
500 index returns in the first few lags for both their sample periods from July 1984 to 
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December 1986 and April 1982 to March 1987. On the other hand, significant 
negative serial correlation is observed in the returns of the Major Market (MMI) 
index which is attributed mainly to the bid-ask bounce effect since the MM index is
narrowly based. The observed S&P 500 futures returns are almost serially 
uncorrelated, exhibiting lingering negative serial correlation in lag 2 and 3 due to the 
bid-ask bounce effect. Similarly, individual stock returns of IBM also tend to be 
significantly negatively serially correlated due to the bid–ask bounce effect.
Jong and Nijman (1997) investigated the serial correlation pattern of intra day high 
frequency spot and futures prices of the S&P 500 index using a covariance estimator 
developed to deal with intervals without new observations on the index or futures 
prices. Their analysis can therefore be performed on a higher frequency than the 
common five minute practice without non trading bias. Using a sampling period of 
the last quarter of 1993, their empirical findings reported little serial correlation on 
the ten minute interval but significant positive first order correlation is observed on 
the five minute interval. The serial correlation is significantly positive up to order 
eight on the one minute interval. For the S&P futures returns, their paper documented 
no evidence of any significant serial correlation on both the five and ten minute
intervals. However, significant negative serial correlation of order one is observed on 
the one minute interval which is again attributed to the bid-ask bounce effect. 
On concluding, high frequency data analysis is a relatively new field in the finance 
literature and most empirical works till now report strong positive serial correlation 
15
observed in the intraday stock index returns while no evidence of any positive serial 
correlation is observed on the intraday behaviour of index futures returns. Hence, we 
can see that the empirical studies on the high frequency regime are consistent with the 
existing literatures that expect stronger erroneous effect from non synchronous 
trading to be observed in the intraday patterns of stock index returns. On the other 
hand, negative serial correlation induced by the bid-ask bounce effect can be 
observed in both the intraday returns of individual stocks and index futures. Though 
the Variance Ratio test is a popular test used to test for serial correlation of financial 
time series, the application of this test to the high frequency regime is still very 
limited, especially on the analysis of the intraday behaviour of index futures financial 
time series.
2.2 Lead Lag Relationship between the Spot and Futures Returns
Since history’s worst stock market crash in 19th October, 1987 where the Dow Jones 
Industrial Average fell 508.32 and closed at a record-breaking low of 1,738.40 points, 
suffering a loss of 22.9%, there have been extensive government and academic 
studies done on the intraday patterns of index futures and stock prices changes in the 
days surrounding and including October 19. 4 The stock index futures price is a 
deterministic function of its underlying asset governed by the cost-of-carry 
relationship (Cornell and French (1983) and Modest and Sundaresan (1983)). In a 
frictionless market, index-futures arbitrage should maintain a stable spread between 
                                                
4 Detailed plots of day-by-day prices are contained in the Brady Commission Report (1988), the CFTC 
Report (1988), and the SEC Report (1988). A systematic examination of the relation between the price 
movements of the S&P 500 and its futures contract on October 19 is contained in Harris (1988).
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the futures price and the index level; and the contemporaneous movements of the two 
prices must be perfectly correlated (Fung, Jiang and Cheng (2001)). 
Numerous studies have been done to examine the casual relationship between the 
index futures and their underlying stock indexes. Since stock index futures is more 
frequently traded than most individual stocks in the stock market, hence it is expected 
to find evidence of the futures market leading the stock market. Miller, Muthuswamy 
and Whaley (1994) suggested that imperfections in the relationship between futures 
and stock returns arise from infrequent trading of the component stocks in the stock 
index. 5   Kawaller, Kock, and Koch (1987) used intraday data to examine price 
changes of the S&P 500 index and index futures and presented evidence suggesting 
that the S&P 500 futures contract leads the underlying stock index by twenty to forty-
five minutes. Their findings are attributed mainly to the fact that most stocks in the 
S&P 500 index do not react to shocks with the same intensity and hence the stock 
index responds to new information with a lag as compared to the S&P 500 futures 
which is a single financial instrument. However, Kawaller and Koch examined only 
three quarters of the data and their analysis did not correct for the effect of infrequent 
trading. 
Investors may prefer speculating the direction of the market as a whole rather than the 
trend in the price of an individual stock. Since index future is a single financial
instrument with a lower transaction costs and trading index futures provides a higher 
                                                
5 The authors also suggested that the widely documented patterns of mean reversion in the basis may 
be the result of delays in the trading of some stocks in the index.
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degree of leverage, many investors may prefer trading index futures over individual 
stocks. Since traders in stock index futures face lower transaction costs and reduced
liquidity constraints, they are more readily able to trade on new information. Such 
behaviour will move the futures prices first and then pull stock prices when index 
arbitrage responds to the deviations from the cost-of-carry relation. Therefore, it is 
expected that the futures market will tend to lead the stock market. Fleming, Ostdiek 
and Whaley (1996) focused on the role of transaction costs in explaining equity 
futures leadership. They examined the empirical relationship between the prices of 
options on individual stocks, stocks, options on stock indexes, and stock index futures, 
and showed that the market with the lower transaction cost lead the market with the 
higher transaction cost. Kutner and Sweeney (1991) reported that high leverage and 
low transaction cost in the S&P 500 futures market relative to its spot market is a 
major attribution for the observed futures leadership of approximately 8 to 20 minutes 
in their study using intraday minute-by-minute data from August to December 1987.
Stoll and Whaley (1990) used a multiple regression framework to examine the 
intraday co movement of the prices of index futures and stocks with the effect of 
infrequent trading corrected and incorporated into their analysis. Unlike prior studies, 
a theoretical model of observed portfolio returns that incorporated the effects of 
infrequent trading and bid-ask bounce effect is developed and estimated, with the 
residuals of this model then used as a proxy for true index returns. Stoll and Whaley
discovered that S&P 500 and MM index futures returns lead stock index returns by 
about five minutes on average, but occasionally as long as ten minutes or more, even 
18
after stock index returns have been purged of infrequent trading effects. In addition, 
the effect is not completely unidirectional, with lagged stock index returns having a 
weak positive predictive impact on current futures returns. Similarly, Chan (1992) 
documented that the MMI futures leads the underlying index despite the constituent 
stocks being traded more actively than the futures contract. 
Employing intraday data for the futures and cash index for S&P 500 over the 1993-
1996 period, Chatrath, Rohan, Kanwalroop and Koch (2002) attempted to show that 
index futures leadership can still arise in the absence of lower transaction costs and 
other well known factors found to contribute to futures leadership. Their findings 
produced evidence of pronounced futures leadership when markets are rising, with no 
feedback from the cash market. However, when markets are falling, futures 
leadership is less evident and significant feedback from the cash market is noted. 
Based on the asymmetric characteristics of stock index futures leadership across 
rising and falling markets, they can reasonably infer that futures leadership is driven 
by factors other than differences in transaction costs alone since intramarket 
transaction costs are fairly symmetric across rising and falling markets. Together with 
evidence supported by Stoll and Whaley (1990) that S&P 500 index futures 
leadership still exist even after the effects of infrequent trading have been plunged, 
Chatrath, Rohan, Kanwalroop and Koch concluded that futures leadership is driven 
by factors apart from those which are already documented in the literatures. Their 
paper also provided evidence that tilt in portfolios (i.e. holdings in portfolio unlike the 
19
components of the benchmark index) plays an important role in futures leadership 
over underlying cash market. 
Empirical studies done on markets apart from U.S. also produced similar evidence.
Grunbichler, Longstaff and Schwartz (1994) showed evidence that the lead from 
Germany’s Deutscher Aktienindex (DAX) futures to spot is about 15 to 20 minutes. 
Niemeyer’s (1994) study of Sweden’s OMX index futures and the index revealed that 
the stock index and futures contract leads each other over different sample periods by 
as much as an hour. Ibrahim (1999) reported evidence of the Kuala Lumpur 
Composite Index (KLCI) futures leading the KLCI especially during periods of 
negative shocks. Similarly, Abhyankar (1995) investigated the relationship between 
returns in the FT-SE 100 stock index futures and the underlying stock index using 
hourly data for the period 1986 to 1990, dividing the data into three sub-periods. The 
study produced evidence of the futures market leading the stock market in all the 
three sub-periods. 
Fung, Jiang and Cheng (2001) examined the Hang Seng Index futures price (HSIF) 
and its underlying Hang Seng Index (HIS) over the periods before and after the 1994 
and 1996 changes in the short selling regime; and their empirical findings supported
their hypothesis that short selling restriction contributes to the severity of the lead-lag 
relationship in down markets or when the futures is under priced. Institutional and 
regulatory restrictions against short selling of stocks impose frictions for potential 
short-sellers to act on negative market information. On the other hand, the restrictions 
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also impede particularly the short stock arbitrage strategy when the futures contract is
under priced.6 In reality, arbitrage is costly and risky which may induce a lead-lag 
phenomenon between the two prices. The cost of arbitrage includes the transaction 
cost in trading the futures and the basket of stocks represented by the index, and the 
financing cost for the margin deposits for trading futures. The risk of arbitrage 
consists of execution risk, and the risk associated with uncertain interest rates and 
dividend payments. Moreover, the difficulty is aggravated by various institutional and 
regulatory constraints against short selling of stocks.7
On the other hand, Lim (1992) examined the Nikkei Stock Average (NSA) index-
futures relationship and argued that there is no significant lead lag relationship 
between the NSA and NSA futures traded on the Singapore International Monetary 
Exchange (SIMEX). However, the study consisted only of several trading days. Ilhara, 
Kato and Tokunaga (1996) extended Lim (1992) work by investigating the 
intertemporal relationship between the NSA and NSA futures using minute-by-
minute transaction data from the Osaka Securities Exchange (OSE) with a larger 
sample. In contrast to Lim (1992), they showed that futures returns strongly lead cash 
market for all three periods in their empirical study. A more recent empirical paper by 
                                                
6  However, it has been argued that restrictions against shorting should not affect index-futures 
mispricing and the lead-lag relationship since institutions may sell (instead of short) stocks from their 
inventory in a down market situation. Neal (1996) finds that more than 50% of the arbitrage trades 
were initiated by institutions that already own the stock. By sorting the sample according to the sign of 
the market return, he finds that the lead-lag relationship is not affected by whether the market is up or 
down.
7 Restriction against investors in short-selling raise the effective arbitrage cost for small investors 
(Cornel and French (1983) and Tuckman and Vila (1992)).  In some markets, brokers may levy a fee 
against short –sellers for borrowing stocks. Tick rules prohibit selling borrowed shares at below 
previous traded prices and hence help retain the arbitrage opportunities when the futures is under 
priced. 
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Frino and West (2003) produced similar evidence that both the Singapore 
International Monetary Exchange (SIMEX) and Osaka Securities Exchange (OSE) 
futures returns lead the Nikkei 225 Index returns. 
Shyy, Vijayraghavan and Quinn (1996) argued that empirical results showing futures 
leading stock may be primarily due to market non synchronous trading and stale price 
problem. Transaction price represents the stale price of the last trade. On the other 
hand, bid/ask prices are executable prices if traders want to buy or sell at the market. 
As a result, bid/ask prices represent market condition better than transaction prices. 
Shyy, Vijayraghavan and Quinn made use of bid/ask quotes from the Matif (Paris 
futures market) and the Paris Bourse (stock market) to investigate the causality 
relationship between the futures market and stock market. Surprisingly, their study 
reported significant leadership of the stock index over the futures contract while no 
significant futures leadership is observed.
There are various empirical literatures using second moment tests to study the 
temporal relationship between index futures and the underlying stock index. Chan and 
Chung (1989) used the Stage Cross-Correlation Test on the MMI and their study 
showed no significant causal relationship between the futures and the stock market. 
Similarly, Chan, Chan and Karolyi (1991) employed the multivariate GARCH model 
to test for the second moment interaction in the S&P 500 futures contract and the 
stock market and argued that there is no significant causality between both markets. 
On the other hand, Koutmos and Tucker (1996) used the EGARCH model to show 
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the existence of one way causality from the S&P 500 futures to the stock market. 
Martikainen, Perttunen and Puttonen (1995) investigated the Helsinki Stock 
Exchange (HeSE) index futures using the Granger-Causality model and reported that 
the futures market predicts single stock return better than the stock index return. They
attributed their empirical findings to the fact that the futures market updates new 
information more rapidly than the stock market. Reverse causality running from 
individual stock return on futures market is found to be weak in their study. 
Nieto, Fernandez, and Munoz (1998) analyzed Granger Causality between the IBEX 
35 and its futures market. In their paper, they differentiated between short-run and 
long-run causality and reported that the futures prices tends to lead the stock prices in 
the short-run. However, the causality result showed that the futures prices carry out 
the adjustment process to achieve the long-run equilibrium. Hence, their empirical 
findings implied that futures market assimilates the arrival of new information more 
quickly and this information then flows from the futures market to the stock market. 
Other causes of the observed futures leadership phenomenon explained by Stoll and 
Whaley (1990) included the time delays in the computation and reporting of the stock 
index value. Every time a transaction in the stock market occurs, the information will 
be entered into a computer and then transmitted to a particular service that updates 
and reports the index level. On the other hand, price changes in the futures market are 
recorded instantaneously. Hence, technical time delay is likely to show the leadership 
of futures returns over stock index returns. 
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To summarize, most studies draw on the conclusion that the index futures market 
leads the stock market when the first moment is tested. Studies that tested on the 
second moment also support the empirical findings that the futures market tends to 
lead the stock market in general. In short, previous studies suggest a pronounced 
index futures leadership over their underlying equities market. 8 A lead-lag 
phenomenon reflects the situation when the two prices move in a sequence. 
Therefore, a stronger lead-lag relationship should imply a more intense violation of 
the no-arbitrage relationship.
2.3 Hypotheses
We examine the intraday behaviours of the STI stock index returns and the SiMSCI 
index futures returns in the Singapore Exchange (SGX) by testing for the presence of 
serial correlation in the observed returns series. Our sample period spans from 1
September 2004 to 31 October 2004, a total of 43 trading days.
Most prior empirical works on the intraday patterns of stock index and index futures 
returns in the high frequency regime employed only the t statistics of the estimated 
serial correlation coefficients to test for the presence of serial interdependence. One 
issue that arises when analyzing the serial correlation in the observed returns series is 
the U shaped patterns in volatility documented for markets all over the world (Wood 
et al. (1985); Stoll and Whaley (1990); Lockwood and Linn (1990); McNish and 
Wood (1990a, 1990b, 1991, 1992); Andersen and Bollerslev (1997)). Such 
                                                
8 However, Chan (1992) differentiates market-wide information from firm-specific information and 
postulates that futures should lead when information is market-wide and spot index would lead when 
information is firm-specific. The findings are consistent with his hypothesis.
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heteroskedasticity in the observed returns could cause problems with our inference of 
the serial correlation. To accommodate conditional heteroskedasticity in the observed 
returns, we will also employ the heteroskedasticity robust variance ratio test statistic
proposed by Lo and MacKinlay (1988) in our analysis.
We will examine the serial correlation of the observed returns series using a 
comparison of both the commonly employed t statistic test on the estimated serial 
correlation coefficients and the popular Variance Ratio test. Our null hypotheses will 
be based on the fact that our empirical findings from the emerging Singapore market 
do not differ from those documented in mature markets. Therefore, we will test our 
hypotheses according to the empirical findings of the existing literatures in the 
following forms:
Hypothesis 1: There is evidence of significant positive serial correlation observed in 
the STI stock index returns series due to the infrequent trading effect.
Hypothesis 2: The observed returns of the SiMSCI index futures are negatively 
correlated due to the bid-ask bounce effect.
In addition, we will examine the lead-lag relationship between the returns of STI 
stock index and SiMSCI index futures in the Singapore Exchange (SGX). Most 
empirical research in the financial markets limited their analysis to lead/lag 
relationships and contemporaneous correlation. Higher moment dependencies within 
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and across markets are largely not studied. Second moment implies that a study 
characterizes empirically the dynamic interdependence of the index futures market 
and its underlying stock market by taking into accounts both long-run equilibrium 
relationship and short-term interactions.
In this thesis, we will examine the causal relationship between the STI stock index 
returns and the SiMSCI index futures returns using both the first and second moment 
tests. For the first moment test, we will follow a similar approach by Stoll and 
Whaley (1990). We will employ a ARMA model to pre-whiten the returns data in 
order to remove the undesirable modeling bias due to infrequent trading and bid-ask 
bounce effect before employing a simple ordinary least squares (OLS) regression 
model to examine the causality between the returns series. To capture the second 
moment time dependence of both the STI stock index and SiMSCI futures contract 
returns, a multivariate BEKK-GARCH(1,1) model with time varying correlations 
proposed by Engle and Kroner (1995) will be utilized.
To examine whether a significant lead-lag relationship exist between the returns of 
the STI stock index and the SiMSCI index futures, we test the following hypothesis in 
the following form:
Hypothesis 3: There is no lead lag relationship between the returns of the STI stock 





Singapore Exchange (SGX) is Asia-Pacific's first demutualised and integrated 
securities and derivatives exchange. SGX was inaugurated on 1 December 1999, 
following the merger of two established and well-respected financial institutions - the 
Stock Exchange of Singapore (SES) and the Singapore International Monetary 
Exchange (SIMEX). On 23 November 2000, SGX became the first exchange in Asia-
Pacific to be listed via a public offer and a private placement. Listed on the bourse, 
their stock is a component of benchmark indices such as the MSCI Singapore Free 
Index and the Straits Times Index (STI). As a pioneer in Asian equity futures and 
options, the SGX was the first market in Asia to list equity index futures which 
include Japan, Taiwan, India, Hong Kong and Singapore. The SGX derivatives 
market is a pioneer in global alliances, having been a partner with the Chicago 
Mercantile Exchange (CME) in a mutual offset arrangement since 1984. SGX's 
Mutual Offset System (MOS) with CME is the world's 1st and most successful 
futures trading link. This truly fungible facility provides round-the-clock trading of 
Eurodollar and Euroyen futures and options.
Since its first equity futures launched in 1986, the Singapore Exchange Derivative 
Trading (SGX-DT) has developed to become the trading centre of Asian equity 
indexes. SGX-DT has two stock index futures contracts based on the Singapore stock 
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market, namely the MSCI Singapore Free (SiMSCI) Index futures contract and the 
Singapore Straits Times Index (STI) futures contract. Both of these contracts are 
being traded on the SGX Electronic Trading System (ETS). However, the SiMSCI 
futures contract is more popular with investors and traders and is traded more actively 
compared to the STI futures contracts. SGX SiMSCI futures contract, based on the 
MSCI Singapore Free Index, began trading on Singapore Exchange Derivatives 
Trading (SGX-DT) on September 7, 1998. The MSCI Singapore Free Index is a 
market-capitalization equity index, which currently contains 36 securities listed on 
the Singapore Exchange Securities Trading (SGX-ST). Compiled fully and 
independently by Morgan Stanley Capital International (MSCI), the market 
capitalization-weighted index tracks the prices of stocks listed on Singapore 
Exchange representing a sampling of large, medium and small-capitalized companies. 
It currently represents about 60% of the total market capitalization of Singapore and 
has been calculated since January 1, 1998. Hence, the MSCI Singapore Free Index is 
often widely used as a performance benchmark of the Singapore stock market. In 
addition, the MSCI Singapore Free index has a high correlation of about 95% with 
the Straits Times Index (STI). On the other hand, STI futures contract consists of only 
45 market-representative stocks listed on the Singapore Exchange Securities Trading 
Ltd at a mere fraction – about 5-10% - of the total STI value. 
Unlike continuous trading throughout the day as in the US and UK markets, the 
Singapore stock and futures markets have two trading sessions, the morning session 
and the afternoon session. The underlying Singapore stock market trades from 
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9.00am - 12.30pm and 2.00pm - 5.00pm (Monday - Friday) while the trading hours of 
the Singapore Exchange Derivative Trading (SGX-DT) starts from 8.45am – 12.35pm 
and 2.00pm – 5.15pm (Monday – Friday). The value of each SiMSCI contract is 
S$200 multiplied by the value of the MSCI Singapore Index Futures Price. The types 
of contracts offered include the 2 nearest serial months and 4 quarterly months on 
March, June, September and December cycle, with expiration date on the second last 
trading day of the contract month. 
3.2 Data 
Time stamped transaction data of the MSCI Singapore Free (SiMSCI) Index futures 
contracts are obtained from the Singapore Exchange Derivative Trading (SGX-DT).
While an interval as short as one minute is feasible, the 5 minute interval will be our 
choice of focus since it is concise and able to convey all the findings effectively. Our 
sampling period covers from 1 September 2004 to 31 October 2004 and each trading 
day is partitioned into 5-minute intervals. Only the spot month contract is used for the 
entire analysis since it is the most actively traded contracts. Comparatively, the 
contract for the 2nd serial month is only traded on 22 out of the 43 total trading days 
available in our sampling period and the number of transactions each day is 
significantly lesser than that of the spot month contract. Hence, there are not enough 
transactions to create a meaningful data set for our analysis. Similarly, the market for 
the other expiration contracts is very thin. Following common practice, the nearby 
future contract is followed until the second last trading day of the expiration month, at 
which point the series switches to the next nearby contract. The last 2 trading days 
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before expiration are also discarded to avoid the influence of unusual trading 
activities as the contracts approach maturity. The closing prices for the Straits Time 
Index (STI) are retrieved from the financial databases of the Bloomberg’s Archive. 
Returns of the SiMSCI futures contract and the STI stock index in interval t are 
defined as , 1100 ln( / )
m m
F t t tR F F    and , 1100 ln( / )c cS t t tR S S   , where mtF is the 
mean traded price of the futures contract and ctS is the closing price of the stock index 
in interval t respectively. Overnight returns are discarded since we focus only on 
intraday behaviour. The first 2 returns each day for the STI stock index are also 
excluded from our analysis because the index value at the beginning of the day are 
computed using closing stock prices from the previous day. Since closing prices are 
inaccurate reflections of opening values, there may be noise in the index level and, 
hence, in index returns, until all stocks within the index have traded. 
3.3 Methodology
We will proceed to define the various empirical methodologies employed in our 
thesis to test for the hypotheses.
3.3.1 Serial Correlation
Serial correlations are estimated for lags 1 through 12, that is, up to one hour of 
trading time for both the STI stock index and SiMSCI index futures returns series. 
Since we are focusing on intraday series, 43 and 39 return observations are lost 
respectively for the STI stock index and SiMSCI futures contracts each time the order 
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of the serial correlation k increases and hence the serial correlation estimates will not 
be contaminated by returns from adjacent days.
Two approaches are employed to test for serial correlation in the returns series. The 
first approach is the serial correlation coefficient test which is a widely employed 
procedure that tests the relationship between returns in the current period and those in 
the previous periods. If no significant autocorrelations are found then the series are 
assumed to follow a random walk. Since we are focusing on intraday behaviour, we 
will also examine the proportion of trading days showing significant serial correlation 
coefficients for all the lags. This can provide us more insights on the intraday 
behaviour of the returns series. The second approach is the Variance Ratio (VR) test
which was first applied to financial data in Nelson and Plosser (1982). Lo and 
MacKinlay’s Variance Ratio Statistics (VRs) will be employed in our analysis to test 
for the serial correlation in the observed returns series. VRs have been often used to 
test for serial correlations in stock market prices (Lo and MacKinlay (1988) and 
Poterba and Summers 1988)). The VR statistic measures the serial correlation over k 
period as given by:
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where ( )tr q is the q-period return, and k is the k-period autocorrelation. For a 
random walk, 0k  k . Hence the null of market efficiency is defined as,
                                                              ( ) 1VR q      
Following the formula given by Wright (2000), the VR statistic can be written as
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This is an estimator for the unknown population ( )VR k , which is the ratio of 1/k times 
the variance of k-period return to the variance of one-period return. To accommodate 
conditional heteroskedasticity in the observed returns, Lo and MacKinlay (1988) 
proposed a heteroskedasticity robust test statistic ( ; )M R k  and showed that if tR is 
independent and identically distributed, then under the null hypothesis that ( ) 1VR k  ,
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   follows the standard 
normal distribution asymptotically. 
The VR test has more power than the other tests for serial correlation, such as the 
Ljung-Box Q statistics and the Dickey-Fuller test (Lo and MacKinlay 1989). On top 
of that, it does not require the normality assumption and is quite robust.
3.3.2 Modeling Infrequent Trading and Bid-Ask Bounce Effect
Before we proceed to investigate the temporal relation of returns in the futures and 
stock markets, we need to correct for the infrequent trading and bid-ask bounce
effects observed in our returns series.  Many models have been developed to measure 
the true returns in the presence of these distortionary effects. Stoll and Whaley (1990) 
derived an approximate ARMA(p,q) model for the observed index returns which 
takes into account of both the infrequent trading and bid-ask bounce effects. They 
then used the fitted ARMA regression residuals as a proxy for the true returns. 
Bassett, France and Pliska (1991) used a Kalman filter procedure with data on 
individual stock series to estimate the distribution of the true index value in order to 
measure the true futures basis during the October 1987 crash. Esa Jokivuolle (1995) 
modified Stoll and Whaley (1990) model of observed index returns by correcting for 
the absence of co integration between the true and observed index level in their 
original specifications. His final observed index returns model is a standard infinite-
order MA process, which can be readily estimated as an ARMA(p,q). 
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In our paper, we will follow the model developed by Stoll and Whaley (1990) to 
discover the true returns of both the STI and SiMSCI returns series after the 
infrequent trading and bid-ask bounce effects are plunged out. Stoll and Whaley 
modeled both the effects of infrequent trading and bid-ask bounce and showed that 
the observed stock portfolio returns will follow an ARMA(p,q) process of infinite 
order.
(7) , ,0 , , ,
1 1
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where ,0Sw  is the weight that represent the proportion of stocks within the portfolio 
that trade every period. The error term ,S t  consists of 3 components namely: the 
random error from infrequent trading, the weighted average error from bid-ask 
bounce and the true index returns in the Stock portfolio S in period t. In the absence 
of infrequent trading and bid-ask bounce effects, the error term ,S t  measures the true 
index returns in period t. In the presence of infrequent trading and bid-ask bounce
effects, the observed error term ,S t  is a noisy but unbiased proxy for the true index 
returns and will hence be used in the investigations of the temporal relation between 
the futures and stock index returns.
3.3.3 Lead Lag Relationship
In this thesis, we will examine the lead lag relationship between the returns of STI 
stock index and SiMSCI futures contract using both the first and second moment 
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empirical tests. For the first moment test, a simple ordinary least squares (OLS) 
regression model is employed where the proxy ( ,S t ) for the true STI index returns 
series derived earlier from the fitted ARMA models are used as dependent variables 
in a regression on lead, contemporaneous, and lag futures return innovations ( ,F t )  as 
the independent variables; that is,
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Hence, any lead lag relationship between the returns can be deduced simply from the 
significances of the various parameter estimates, k , of the fitted OLS model. 
We will employ a multivariate General Auto Regressive Conditional 
Heteroskedasiticity (MGARCH) model with time varying correlations to examine the 
second moment causality between the returns of the STI stock index and SiMSCI 
futures contract. A class of MGARCH model called the BEKK (named after Baba, 
Engle, Kraft and Kroner) model proposed by Engle and Kroner (1995) will be 
employed in our analysis.  Applications of the multivariate GARCH (MGARCH) 
models to financial data have been numerous (Bollerslev (1990), Kroner and 
Claessens (1991), Lien and Luo (1994), Karolyi (1995) and Baillie and Myers 
(1991)). 
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The BEKK model, as formalized by Engle and Kroner (1995) is one of the most 
general and flexible form of MGARCH model and it provides an alternative 
formulation of the conditional variance equation as follow:
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1 1
p q
t i t i t i i j t j j
i j
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where 0A is a lower triangular matrix, but iA (i = 1,…,p) and jB  (j = 1,…,q) are 
unrestricted square matrices. 
Usually, p=1 and q=1 suffice for modeling volatility in most finance times series and 
hence; a BEKK(1,1) model will be employed in our thesis and the conditional mean 
equations are as follows:
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where 2 2, ,SF t FS t  denotes the variance-covariance matrix of 
,S t  and ,F t conditional on the past information and the conditional variance 
equations are as follows:
(12)            2 11 2 11 2 2 12 2 2 11 12, 0 1 , 1 1 , 1 1 1 , 1 , 1( ) ( ) ( ) ( )( )S t S t F t S t F tA A A A A          
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With this formulation, the dynamics of conditional variance as well as conditional 
covariance are modeled and fully displayed. In addition, the inference of volatility 
spillovers across series indicated by the off-diagonal entries of the coefficients 
matrices 1A  and 1B  can also be directly observed. The application of the BEKK-
GARCH model in our analysis is advantageous from the interaction of conditional 
variances and covariances of the two returns series, therefore it allows testing of the 
null hypothesis that there is no causality effect in either direction. In addition, the 
BEKK-GARCH model represents a successful attempt to overcome the various 
technical difficulties associated with other multivariate GARCH models and ensured 




4.1 Serial Correlation in Observed STI Returns
The estimated serial correlation coefficients of the observed returns for the STI stock 
index, together with their respective t statistics are computed and shown in Table 1.
In Table 1, we can observe that the lag one serial correlation coefficient, -0.133, is 
reasonably large and significantly negative at the 0.05 significance level. Similarly, 
the serial correlation coefficients at lag two (-0.036), lag three (-0.046) and lag seven 
(-0.051) though smaller as compared to lag one, are also significantly negative. The
serial correlation coefficients for the other remaining lags are all negligible and 
insignificant.  Comparatively, Stoll and Whaley (1990) reported that there is no 
evidence of significant negative serial correlation observed in the U.S S&P 500 index 
returns series. Since S&P 500 index has a large base of 500 stocks, any bid-ask 
bounce effect in the individual stock returns will tend to disappear in the index 
portfolio returns as a result of diversification. However, Singapore’s STI stock index 
has a relatively small base of only 40 stocks since 1998 and hence any bid-ask bounce 
effect in the individual stock returns will be easily reflected in the index returns as 
well. 
Therefore, our empirical finding suggests that many of the individual stocks in the 
STI stock index do not trade for period as long as five minutes but occasionally as 
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long as fifteen minutes or more. The observed negative serial correlation is also 
consistent with the empirical study done on the Major Market (MM) index which 
consists of only 20 active stocks reported in Stoll and Whaley (1990) paper. However, 
the bid-ask bounce effect observed in the STI return series, though less significant, 
are stronger than those reported in the observed returns of the MMI despite that STI 
stock index consists of twice the number of stocks contained in the Major Market 
(MM) index.
    
Surprisingly, STI stock index returns exhibit an interesting feature which differs from 
the serial correlation patterns reported in many earlier empirical literatures. We can 
observe from our empirical finding that STI stock index returns, in contrast to models 
of infrequent trading, does not show any evidence of significant positive serial 
correlation. This is an interesting paradox to the typical rationale that is given to 
explain the behaviour of intraday stock index returns, which is the asynchronous 
trading of the constituent stock. Since negative correlation is observed, this gives rise 
to the possibility that there is so much negative correlation from the bid-ask bounce 
effect that it beats the positive aspect we expect from asynchronous trading. However,
the observed magnitudes of the negative serial correlation coefficients to account for 
the bid-ask bounce effect are comparably large, hence it is unlikely that the bid-ask 
bounce effect strongly overrides any positive effect of infrequent trading and leads to 
the observed negative serial correlation in the returns series. 
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Another possible explanation lies in the selection of our choice of interval. If the
width of the interval is too high, then information about the temporal pattern in the 
returns may be lost. On the other hand, a thin interval may lead to high incidence of 
“non-trading” which is associated with spurious positive serial correlation in the 
returns. Therefore, the choice of interval must be chosen to minimize the information 
loss while avoiding the problem of spurious autocorrelation. Hence, we might need to 
examine the STI index returns at higher frequencies, in order to find evidence of 
asynchronous trading in the index. 
Interestingly, our findings suggest the possibility of an unusual scenario where most 
of the stocks in the STI stock index are generally traded at the same intensity and 
react to shocks simultaneously; and hence little or no infrequent trading effect is 
present in the observed STI returns series.
However, the empirical result from the estimated serial correlation coefficients might 
be misleading. A detailed investigation on the proportions of trading days showing
significant serial correlation coefficients at each of the lags reports no sign of any 
serial interdependence among the STI stock index returns.  From the last two columns 
in Table 1, we can observe that less than 10% of the trading days display significant
positive serial correlation coefficients for all the lags, hence indicating no evidence of 
infrequent trading effect in the observed STI stock index returns. Similarly, the 
highest proportion of trading days showing significant negative serial correlation
coefficients is for lag one but the reported percentage of 16.3% is still too low to 
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conclude any negative significance. Hence, there is little evidence of any significant 
serial interdependence among the observed intraday STI stock index returns.
We will employ Lo and MacKinlay proposed heteroskedasticity robust test statistic 
( ; )M R k  to investigate the serial correlation patterns in the observed STI stock index 
returns. Table 2 reports the percentages of trading days in our sample period that 
show significant serial correlation for the various lags. 
Our empirical result shows that none of the trading days displays positive serial 
correlation at any lag at all the 3 significance levels. This is consistent with our
empirical results derived from the t statistics test on the estimated serial correlation 
coefficients earlier; and hence our finding is again contrary to what was documented 
in earlier literatures where stock market indexes exhibit positive serial correlation in 
their observed returns.
At the 0.005 significance level, we can observe that negative serial correlation is most 
prominent in the first 2 lags where 14% of the trading days in our sample period show
significant negative serial correlation. However, this percentage is relatively small,
hence suggesting the low significance of negative serial correlation in the first 2 lags. 
Since the empirical result from the estimated serial correlation coefficients might be 
misleading, the empirical finding from the study of the proportion of trading days 
showing significant estimated serial correlation coefficients will be used instead for
comparison between the two tests. In comparison, heteroskedasticity patterns in the 
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observed STI returns series do not induce any significant erroneous effect on the 
inference of serial correlation in the observed returns. Therefore, when the effect of 
heteroskedasticity is accommodated using Lo and MacKinlay heteroskedasticity 
robust variance ratio test, the empirical findings from both tests are consistent.
At the 0.025 significance level, lag 4 reports the highest percentage of trading days 
showing significant negative serial correlation.  We can observe that approximately 
25% (one quarter) of the trading days display significant negative serial correlation 
for the first 5 lags which is over a time interval of 25 minutes. Though the proportion
of trading days with significant negative serial correlation for the first few lags are
much higher than at the 0.005 significance level, the observed percentages are still 
too low to accurately conclude that there is significant negative serial correlation 
present in these lags. Lastly, above 30% of the trading days show significant negative 
serial correlation for all the lags at the 0.05 significance level. Hence, this indicates 
the inadequacy of the 0.05 significance level to test for serial correlation in the 
observed STI returns.
   
On concluding, our empirical findings consistently report no evidence of any positive 
serial correlation observed in the STI stock index returns in contrast to most existing 
empirical literatures. Hence, we will reject our null Hypothesis 1 that there is 
evidence of positive serial correlation in the observed STI stock index returns. As 
mentioned earlier, a choice of interval at higher frequencies may be required to reflect 
any significant positive serial correlation induced by the asynchronous trading effect 
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present in the STI stock index returns. Significant negative serial correlation is 
reported for lag one, two, three and seven at the 0.05 significance level using the 
commonly employed t statistics test on the estimated serial correlation coefficients;
and can be attributed mainly to the bid-ask bounce effect present in many of the 
individual stocks in the STI index. However, empirical results from both the study of 
the proportion of trading days showing significant serial correlation coefficients and 
the variance ratio test report no evidence of any significant serial interdependence in 
the observed STI returns series.
4.2 Serial Correlation in Observed SiMSCI Futures Returns
The estimated serial correlation coefficients of the observed returns for the SiMSCI
spot month futures contract, together with their respective t statistics are computed 
and shown in Table 3.
                                              
In Table 3, we can observe that the lag one serial correlation coefficient (0.202) is 
surprisingly large and significantly positive. Similarly, the serial correlation 
coefficient at lag 2 (-0.072) is relatively large and significantly negative. The serial 
correlation coefficients are negligible and insignificant for all other lags. Since the 
futures returns are for a single financial instrument rather than a portfolio of 
securities, any positive serial correlation caused by the effect of infrequent trading 
should not appear in the observed return series. Therefore, our empirical finding is a 
contrary to both the existing literature and empirical studies done on the futures
markets. Our finding hence suggests that other factors not documented in the existing 
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literature are at work to cause the significant positive serial correlation in the 
observed SiMSCI futures returns. Such factors may well be attributed to certain 
unique institutional features from the Singapore market and our empirical finding has
hence opened up the scope for more theoretical and empirical research works on the 
Singapore Futures Market. 
  
Not surprisingly, the significant negative serial correlation coefficient observed in lag 
2 is due to the bid-ask bounce effect documented in many earlier empirical literatures
on the futures markets. However, the magnitude of the negative serial correlation
coefficient is relatively larger for the SiMSCI futures returns as compared to those 
reported in the observed futures returns from both the U.S. and Germany markets.
Chan (1992) reported that the significant negative serial correlation coefficients for 
the MMI futures returns from August 1984 to June 1985 are -0.047 and -0.035 for lag 
3 and 4 respectively. During the same period, the negative serial correlation 
coefficients for the S&P 500 futures returns that are significant at the 0.001 level are -
0.042 (lag 3) and -0.027 (lag 4) respectively. Similarly, Germany’s DAX futures 
returns showed less significant negative serial correlation for lag 2 and 3 with 
magnitudes of -0.028 and -0.032 respectively for the sample period from November 
1990 to September 1991 (Grunbichler, Longstaff and Schwartz (1994)). Our 
empirical finding therefore suggests a relatively stronger bid-ask bounce effect
present in the SiMSCI futures contracts.
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Similarly, the result reported from the estimated serial correlation coefficients might 
be misleading. The last two columns in Table 3 report the proportion of trading days 
in the sample period that show significant serial correlation coefficients for all lags. 
The highest proportion of trading days showing significant negative serial correlation 
coefficients is reported in lag 2 (15.4%) while the highest proportion showing
significant positive serial correlation coefficients is reported in lag 1 (38.5%) at the 
0.05 significance level. In comparison, the estimated serial correlation coefficient is 
negatively significant in lag 2 and positively significant in lag 1. However, the 
percentage reported in lag 2 is too low to conclude any negative significance in the 
lag two serial correlation coefficients. On the other hand, an unusually high 
proportion of trading days are observed with significant positive lag one serial 
correlation coefficients and hence our finding is again contrary to what was 
documented in earlier literatures where no significant positive serial correlation 
should be observed in the returns of index futures. Nevertheless, it is worthwhile to 
take note of the presence of unusual characteristics in the intraday patterns of the 
SiMSCI index futures in the Singapore Exchange.  
We will employ Lo and MacKinlay proposed heteroskedasticity robust test statistic 
( ; )M R k  to further investigate the serial correlation patterns in the observed SiMSCI
futures returns. Table 4 reports the percentages of trading days in our sample period 
that show significant serial correlation for the various lags in the SiMSCI futures 
returns series.
45
Interestingly, we observe that none of the trading days shows significant negative 
serial correlation at both the 0.025 and 0.005 significance levels. Though trading days 
reporting significant negative serial correlation are observed at the 0.05 significance 
level, the percentages (2.6%) are too low to conclude any negative significance in the 
SiMSCI futures returns series. In contrast to our earlier empirical finding from the 
estimated serial correlation coefficients, our empirical result using the variance ratio 
test reports no evidence of any significant negative serial correlation in the observed 
SiMSCI futures returns. 
On the other hand, we observe that a number of days, especially in the first few lags, 
report significant positive serial correlation. At the 0.005 significance level, 7.7% of 
the trading days report significant positive serial correlation in lag 1 while none of the 
trading days reports any significant positive serial correlation for the other lags. At 
the 0.025 significance level, relatively higher percentages of the trading days report 
significant positive correlation in the first 2 lags, 15.4% and 10.3% for lag 1 and 2 
respectively. A larger number of trading days report significant positive correlation in 
the first 3 lags, 17.9%, 12.8% and 12.8% respectively at the 0.05 significance level. 
However, all the observed percentages are too small to indicate the presence of any 
positive serial correlation in the observed futures returns. 
On concluding, our empirical findings report that the estimated serial correlation 
coefficient for lag 1 is strong and significantly positive. Similarly, an unusually high 
proportion of trading days show significant positive serial correlation coefficients for 
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lag one. Though the variance ratio test reports no evidence of significant positive 
serial correlation, the presence of a number of trading days with reported significant 
positive serial correlation at all the significance levels suggests some consistency. On 
the other hand, significant negative serial correlation is observed on the estimated 
serial correlation coefficient for lag 2. This finding is not surprising and can be 
attributed to the bid-ask bounce effect which is documented in many index futures 
returns. However, empirical results from both the study of the percentage of trading 
days showing significant serial correlation coefficients and the variance ratio test 
report no evidence of any significant negative serial correlation in the observed 
SiMSCI returns series. Hence, we will reject our null Hypothesis 2 that only 
significant negative serial correlation is reported in the observed SiMSCI futures 
returns.
4.3 Modeling Infrequent Trading and Bid-Ask Bounce Effect
Stoll and Whaley (1990) showed that the effects of infrequent trading and bid-ask 
bounce have shown to cause the observed stock indexes returns to follow an 
ARMA(p,q) process. In our thesis, an ARMA model is estimated each day for both 
the STI stock index and SiMSCI futures contract returns series and the order of the 
fitted model employed is the same across days of the sample period. Incidentally after 
rounds of different permutations based on the lowest score of the Akaike Information 
Criteria9, those modeled by the ARMA(1,1) process perform very well in eliminating 
                                                
9 Found by Akaike 1973, the Akaike Information Criteria (AIC) is used to determine the order of a 
time series model. The AIC is defined as:  
                                                             AIC = -2/TIn(likelihood) + 2/T*(number of parameters)
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meaningful serial correlation in the residual series. The average daily parameter 
estimates of the fitted models are reported in Table 5.   
In Table 5, the results for the STI stock index returns show that the average AR and 
MA coefficients are 0.22175 and 0.38961 respectively. The expected signs of the 
coefficients are unknown because of the simultaneous infrequent trading and bid-ask 
bounce effects at work on the observed STI returns. For model checking, the Ljung-
Box statistics show that none the fitted models reports evidence of model inadequacy 
for both Q(8) and Q(12) at the 0.05 significance level. Though the estimated 
coefficients are generally not significantly different from zero, the fitted ARMA(1,1) 
model proves to be adequate in purging the effects of infrequent trading and bid-ask 
bounce. Another perspective on how well the ARMA(1,1) model does at purging the 
effects of infrequent trading and bid-ask bounce effects for the observed STI returns 
may be gathered from the multiple regression results reported in Table 7. None of the 
reported serial correlation coefficients is significantly different from zero. In addition, 
less than 5% of the trading days report significant serial correlation coefficients for all 
the lags. Compared with the serial correlation estimates in Table 1, the results do 
indicate that the ARMA(p,q) process does model the infrequent trading and bid-ask 
bounce effects observed in stock portfolio returns well.
Similarly, an ARMA(1,1) process is used to remove the bid-ask bounce effect 
observed in the returns series of the SiMSCI futures contract. The results reported in 
Table 5 show that the average AR and MA coefficients are -0.01509 and -0.21635
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respectively. For model checking, none of the fitted models reports evidence of model 
inadequacy using the Ljung-Box statistics for both Q(8) and Q(12) at the 0.05 
significance level. Hence, the model of ARMA(1,1) is adequate in eliminating the 
erroneous serial correlation observed in the SiMSCI futures returns. 
4.4 Testing for Conditional Heteroskedasticity Effect
The residuals from the ARMA(1,1) regressions were examined for violation of the 
assumption of homoskedasticity. Using Engle’s (1982) test10, we test for the Auto 
Regressive Conditional Heteroskedasticity (ARCH) effects in the residuals series for 
order 1 to 6 and report the results in Table 6. In Table 6, we can observe that less than 
20% of the residual series for both the STI stock index and SiMSCI futures contract
returns reject the null hypothesis of constant variance for order 1 to 6 at the 0.05 
significance level. At the 0.1 significance level, the residuals series for the SiMSCI 
futures contract returns show a greater proportion of the rejection of the null 
hypothesis for order 1, 2 and 6 with proportion of 25.6%, 28.2% and 25.6% 
respectively. However, even in the worst case, less than 30% of the residual series 
display evidence of conditional heteroskedasticity. Hence, we cannot conclude the 
presence of any significance ARCH effects in the residuals series and the assumption 
of homoskedasticity is well supported empirically.
                                                
10 Given sample residuals obtained from a curve fit (e.g. a regression model), ARCH Test tests for the 
presence of Mth order ARCH effects by regressing the squared residuals on a constant and the lagged 
values of the previous M squared residuals. Under the null hypothesis, the asymptotic test statistic, 
T(R^2), where T is the number of squared residuals included in the regression and R^2 is the sample 
multiple correlation coefficient, is asymptotically chi-square distributed with M degrees of freedom. 
When testing for ARCH effects, a GARCH(P,Q) process is locally equivalent to an ARCH(P+Q) 
process. 
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4.5 Lead-Lag Relationship Between the STI Stock Index and SiMSCI Futures
Contract Returns
Since the presence of significant ARCH effects are not reported in the residual series, 
we can hence use an ordinary least squared (OLS) regression framework to examine 
the causality between the STI stock index and the SiMSCI futures contract using the 
residual series from the fitted ARMA(1,1) models as proxies for the true return
innovations. Table 8 reports the various parameter estimates for the fitted OLS model.
In Table 8, the largest coefficient estimate, 0.3771, is for the contemporaneous 
variable which is an indication of efficiently functioning markets. In addition, this 
coefficient is also highly significant with a reported t-ratio of 14.4037. However,
significant coefficients reported in the lag one, two and five futures return innovations
with magnitudes 0.0553, 0.1074 and 0.0673 respectively reveals the presence of 
futures leadership. Though the effects are relatively small but our empirical finding 
does suggest that the SiMSCI futures returns lead the STI stock index returns by as 
long as 25 minutes, even after the effects of infrequent trading and bid-ask bounce are 
plunged. Hence, the markets are clearly not moving in perfect unison and there is
tendency for the SiMSCI futures returns to lead the STI stock index returns. On the 
other hand, the coefficient for the lead one futures return innovations, 0.2186, is 
surprisingly large and significant. This indicates the presence of strong feedback from 
the STI stock index returns and the effect is comparatively large relative to the lead of 
the futures returns. 
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A further investigation into the proportion of trading days with significant 
coefficients for the various parameter estimates gives us more insight on the causality 
between the STI stock index and SiMSCI futures returns. From the last two columns 
in Table 8, we can observe that the highest proportion of trading days reports
significant coefficients for the contemporaneous variable. This is not surprising as 
expected from efficiently functioning markets. However, the second largest 
proportion is reported in the lag one coefficient for the futures return which 
corresponds to a relatively high proportion of 33.3%. Hence, this indicates that the 
SiMSCI futures returns last period is strongly associated with the current STI stock 
index returns. The proportion of trading days reporting significant coefficients for the 
other variables are all negligible. Surprisingly, only 5.1% of the trading days show 
significant coefficients for the lead one futures returns despite the reported high 
magnitude and significance of the estimated coefficient earlier. Similarly, none of the 
trading days reports significant coefficients for the lag five futures returns in contrast 
to the significant estimated coefficient reported. Such inconsistencies are likely to be 
due to the presence of trading days with abnormal intraday behaviour in our sample 
period, which can induce significant distortionary effects on the computation of the 
estimated coefficients.
Nonetheless, our empirical finding suggests that the SiMSCI futures returns lead the 
STI stock index returns by about five minutes on average even after the STI stock 
index returns have been purged of infrequent trading effects. In addition, the effect is
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not completely unidirectional, with lagged STI stock index returns having a weak 
positive predictive impact on current SiMSCI futures returns.
Table 9 reports the parameter estimates for the fitted OLS model on the raw returns of 
both the STI stock index and SiMSCI futures contract. In the returns regression, the 
largest coefficient, 0.3062, is also for the contemporaneous variable. In contrast to the 
regression result from the return innovations, the coefficients for the lead one and 
three futures returns are significant with reported magnitudes of 0.2735 and 0.0580 
respectively. In addition, the coefficient for the lag two futures returns, 0.1086, is also 
significant. However, all the reported significant coefficients are relatively small 
compared to the lead one futures coefficient. This suggests that there is the illusionary 
tendency for the STI stock index returns to lead the SiMSCI futures returns instead. 
Surprisingly, the proportion of trading days reporting significant coefficient for the 
lead one futures returns is negligible at 2.6%. On the other hand, 35.9% of the trading 
days reports significant coefficients for the lag one futures returns despite the reported 
insignificant coefficient. The proportion of trading days reporting significant 
coefficients for the other variable are all negligible. Similarly, such inconsistencies 
are likely to be the result of distortionary effects from trading days with abnormal 
intraday behaviour present in the sample period. Nonetheless, our empirical findings 
show the consistency of the SiMSCI futures returns leading the STI stock index 
returns by an average of 5 minutes whether or not the effects of infrequent trading 
and bid-ask bounce are accommodated. 
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Table 10 reports the various average parameter estimates for the fitted BEKK-
GARCH(1,1) model. In Table 10, we can observe that the only significant parameter 




1B  and 
22
1B . From the conditional variance 
equation (12) for the STI stock index return innovations, a significant 111A  estimate 
indicates significant influence of the lagged squared shocks of the STI stock index 
returns on its volatilities in the current period. Hence, a large lagged shock in the 
previous period will tend to lead to higher chances of another large shock being 
observed in the current period. In addition, the observed significant 111B  estimate 
suggests a strong association between the lagged and current volatilities of the STI 
stock index returns. Therefore, our empirical result reveals the presence of second 
moment interdependency in the STI stock index returns. The volatility clustering 
property which is commonly exhibited in the time series of financial asset returns is 
also observed in the STI stock index returns.
From the conditional variance equation (13) of the SiMSCI futures return innovations, 
the significant parameter estimates observed are for 221A  and 
22
1B . Similarly, a lagged 
large futures return in the previous period is likely to be followed by another large 
return being observed in the current period. Hence, our empirical finding suggests
similar evidence of second moment interdependency in the SiMSCI futures returns. 




1B  and 
22
1B  with reported 
magnitudes of 0.2402, 0.2563, 0.8672 and 0.7823 respectively show that the second 
moment interdependency effects for the SiMSCI futures returns are relatively 
stronger than those observed in the STI stock index returns. Nonetheless, our 
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empirical result from the average parameter estimates reports sign of significant 
second moment interdependency in both the returns of the STI stock index and 
SiMSCI futures contract.




1B  and 
12
1B ) are 
insignificant, there is no evidence of any volatilities transmission between the STI 
stock index and SiMSCI futures returns. A shock in one market will not be 
transmitted to the other market and hence there is no evidence of any lead lag 
relationship between the STI stock index and SiMSCI futures contract returns.
Since the empirical result observed from the average parameter estimates might be 
misleading, we will further examine the proportions of trading days in our sample 
period that report significant coefficient estimates for the various parameters. From 
the last two columns in Table 10, we can see that the only parameter estimates to take 
note of are for 111B and
22
1B  which report 61.5% and 41.0% of the trading days with
significant coefficient estimates respectively. The proportions of trading days 
showing significant coefficient estimates for the other parameters are all relatively 
negligible. As mentioned earlier, such inconsistencies are likely to be due to the 
presence of trading days with abnormal intraday behaviour in our sample period, 
which can induce significant distortionary effects on the computation of the estimated 
coefficients. Though there is no evidence of any significant ARCH effects present in 
the return innovations of both the STI stock index and SiMSCI futures contract as 
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reported earlier using Engel’s (1982) ARCH test, significant GARCH effects are 
found to be present in both the returns series. 
On concluding, our empirical findings report evidence of strong second moment 
interdependency in the returns of both the STI stock index and SiMSCI futures 
contract. However, no evidence of any volatilities transmission across the returns 
series is observed, hence suggesting the absence of any causality between the STI 
stock index and SiMSCI futures returns. Evidence of the SiMSCI futures returns 
leading the STI stock index returns by an average of 5 minutes is observed using the 
first moment test. On the other hand, no evidence of significant causality is reported 
between the STI stock index and SiMSCI futures contract returns when the second 
moments are examined. Therefore, we will not reject the null hypothesis that there is 
no lead lag relationship between the observed returns series of the STI stock index 
and the SiMSCI futures contract only when the second moments of the returns series 
are considered.




This thesis investigates the time series properties of intraday returns of the STI stock 
index and the SiMSCI futures contract in the Singapore Exchange and finds several 
interesting results. First, there is no significant positive serial correlation observed in 
the STI stock index returns and hence indicates no evidence of non synchronous 
trading as documented by models of infrequent trading. Second, the lag one serial 
correlation coefficient for the intraday returns of SiMSCI futures contract is reported 
to be surprisingly strong and significant. Though the variance ratio test reports no 
serial interdependence in the intraday returns for both the returns series, a number of 
trading days showing significant positive lag one serial correlation for the SiMSCI 
futures returns does indicate some unusual behaviour of the futures returns. Hence, 
our empirical findings have opened up the scope for more theoretical and empirical 
research works on the Singapore Futures Market.
For the causality analysis between the intraday returns of the STI stock index and 
SiMSCI futures contract, this paper finds significant evidence of the SiMSCI futures 
returns leading the STI stock returns by about five minutes on average, both before 
and after the observed returns have been plunged of infrequent trading and bid-ask 
bounce effects. In addition, there is a weak positive predictive effect of lag STI stock 
index returns on current SiMSCI futures returns. However, when the second moments 
are considered, there is no significant evidence of volatility transmission between the 
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returns series. Finally, the effects of infrequent trading and bid-ask bounce on the 
observed, 5 minute rate of returns series of the STI stock index appear to be 
adequately described by an ARMA(1,1) process.
In summary, though the abundance of high frequency data helps to eliminate the 
problems of weak power of tests and provides us many insights on the intraday 
patterns of financial time series, the data has to be treated with caution since very 
high frequency observations bring with it new factors that introduce noise for analysis.       
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LIST OF TABLES 
TABLE 1
Estimated Serial Correlation Coefficients of Observed Returns of STI Stock 
Index ( ,S tR )     
, ,( , )k S t S t kR R 
43-Day Period : Sep 1, 2004 – Oct 31, 2004





1 3437 -0.133 -7.519* 2.3% 16.3%
2 3394 -0.036 -2.017* 4.7% 11.6%
3 3351 -0.046 -2.515* 2.3% 11.6%
4 3308 0.023 1.269 9.3% 7.0%
5 3265 0.003 0.169 2.3% 2.3%
6 3222 0.008 0.427 7.0% 2.3%
7 3179 -0.051 -2.669* 0.0% 7.0%
8 3136 0.011 0.561 9.3% 7.0%
9 3093 -0.002 -0.096 7.0% 9.3%
10 3050 -0.003 -0.161 4.7% 9.3%
11 3007 -0.013 -0.628 7.0% 4.7%
12 2964 -0.007 -0.331 4.7% 4.7%
*Significant at the 0.05 level
1. The last two columns report percentage of trading days with significant positive and negative 
estimated serial correlation coefficients respectively at the 0.05 significance level.
2. The number of observations used in the computation of the serial correlation coefficient. Note that 
as the lag k is incremented by one, the number of observations lost equals the number of days in 
the sample period. This reflects the loss of one return each day of the sample. The serial 
correlation coefficient estimates, therefore, are not contaminated by using returns from adjacent 
days.
3. The estimated lag k serial correlation coefficient across all 5 minute returns in all days of the 
period excluding overnight returns. The first two returns each day are also excluded.
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TABLE 2
Percentages of Trading Days that show Significant Serial Correlation for the 
Observed Returns of STI Stock Index ( ,S tR )
90% Level (0.05) 95% Level (0.025) 99% Level (0.005)
Lag Positive Negative Positive Negative Positive Negative
1 0.0% 41.9% 0.0% 23.3% 0.0% 14.0%
2 0.0% 41.9% 0.0% 23.3% 0.0% 14.0%
3 0.0% 46.5% 0.0% 27.9% 0.0% 9.3%
4 0.0% 46.5% 0.0% 32.6% 0.0% 11.6%
5 0.0% 41.9% 0.0% 27.9% 0.0% 7.0%
6 0.0% 39.5% 0.0% 20.9% 0.0% 4.7%
7 0.0% 39.5% 0.0% 16.3% 0.0% 2.3%
8 0.0% 39.5% 0.0% 14.0% 0.0% 2.3%
9 0.0% 34.9% 0.0% 11.6% 0.0% 2.3%
10 0.0% 34.9% 0.0% 11.6% 0.0% 2.3%
11 0.0% 30.2% 0.0% 7.0% 0.0% 0.0%
12 0.0% 32.6% 0.0% 7.0% 0.0% 0.0%
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TABLE 3
Estimated Serial Correlation Coefficients of Observed Returns of SiMSCI Spot 
Month Futures Contract ( ,F tR )
, ,( , )k F t F t kR R 
39-Day Period : Sep 1, 2004 – Oct 31, 2004





1 3237 0.202 11.897* 38.5% 0.0%
2 3198 -0.072 -4.065* 0.0% 15.4%
3 3159 0.014 0.784 7.7% 2.6%
4 3120 0.027 1.533 5.1% 2.6%
5 3081 -0.024 -1.382 5.1% 10.3%
6 3042 0.008 0.476 7.7% 5.1%
7 3003 0.007 0.423 7.7% 10.3%
8 2964 -0.019 -1.098 5.1% 7.7%
9 2925 0.012 0.685 5.1% 7.7%
10 2886 -0.019 -1.128 2.6% 12.8%
11 2847 -0.005 -0.318 2.6% 10.3%
12 2808 -0.014 -0.817 5.1% 7.7%
*Significant at the 0.05 level
1. The last two columns report percentage of trading days with significant positive and negative 
estimated serial correlation coefficients respectively at the 0.05 significance level.
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TABLE 4
Percentages of Trading Days that show Significant Serial Correlation for the 
Observed Returns of SiMSCI Spot Month Futures Contract ( ,F tR )
90% Level (0.05) 95% Level (0.025) 99% Level (0.005)
Lag Positive Negative Positive Negative Positive Negative
1 17.9% 0.0% 15.4% 0.0% 7.7% 0.0%
2 12.8% 0.0% 10.3% 0.0% 0.0% 0.0%
3 12.8% 2.6% 5.1% 0.0% 0.0% 0.0%
4 2.6% 0.0% 2.6% 0.0% 0.0% 0.0%
5 5.1% 0.0% 2.6% 0.0% 0.0% 0.0%
6 5.1% 2.6% 2.6% 0.0% 0.0% 0.0%
7 2.6% 2.6% 2.6% 0.0% 0.0% 0.0%
8 2.6% 2.6% 2.6% 0.0% 0.0% 0.0%
9 0.0% 2.6% 0.0% 0.0% 0.0% 0.0%
10 0.0% 2.6% 0.0% 0.0% 0.0% 0.0%
11 0.0% 2.6% 0.0% 0.0% 0.0% 0.0%
12 0.0% 2.6% 0.0% 0.0% 0.0% 0.0%
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TABLE 5
Parameter Estimates from ARMA(1,1) Regression Using STI Stock Index and 
SiMSCI Futures Contract Returns
, 1 , 1 , 1 , 1i t i t i t i tR R            i = S, F
Sample Period:        Sep 1, 2004 - Oct 31, 2004












ˆ -0.00003 0.00027 0.00054 0.00145
1ˆ 0.22175 0.45708 -0.01509 0.78355
1ˆ 0.38961 0.45683 -0.21635 0.78234
*Significant at the 0.05 level
1. Parameter estimates obtained from time series regression across 5 minutes returns during each 
trading day of the sample period.
2. The standard error of the parameter estimate is computed across days.
TABLE 6
Percentage of Residual Series that Shows Significant ARCH Effect for the 
Fitted STI Stock Index and SiMSCI Futures Contract Returns
Fitted STI Residuals ( ,S t ) Fitted SiMSCI Residuals ( ,F t )
Order 0.1 0.05 0.01 0.1 0.05 0.01
1 9.3% 9.3% 9.3% 25.6% 15.4% 10.3%
2 14.0% 9.3% 7.0% 28.2% 17.9% 10.3%
3 11.6% 11.6% 11.6% 15.4% 10.3% 7.7%
4 16.3% 14.0% 14.0% 10.3% 10.3% 7.7%
5 16.3% 14.0% 14.0% 15.4% 5.1% 5.1%
6 18.6% 14.0% 14.0% 25.6% 17.9% 5.1%
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TABLE 7
Estimated Serial Correlation Coefficients of Return Innovations of STI Stock 
Index ( ,S t )
, ,( , )k S t S t k   
43-Day Period : Sep 1, 2004 – Oct 31, 2004





1 3265 0.004 0.231 0.0% 0.0%
2 3222 -0.030 -1.645 0.0% 0.0%
3 3179 -0.023 -1.259 0.0% 2.3%
4 3136 0.016 0.871 4.7% 2.3%
5 3093 0.010 0.524 0.0% 0.0%
6 3050 -0.020 -1.061 0.0% 0.0%
7 3007 -0.050 -1.623 0.0% 4.7%
8 2964 -0.006 -0.334 4.7% 2.3%
9 2921 -0.010 -0.513 2.3% 2.3%
10 2878 -0.017 -0.878 2.3% 4.7%
11 2835 -0.031 -1.542 2.3% 0.0%
12 2792 -0.029 -1.432 2.3% 0.0%
*Significant at the 0.05 level
1. The last two columns report percentage of trading days with significant positive and negative 
estimated serial correlation coefficients respectively.
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TABLE 8
Parameter Estimates from Regression of STI Stock Index Return Innovations 
( ,S t ) on Lag, Contemporaneous and Lead SiMSCI Spot Month Futures 
Contract Return Innovations ( ,F t )
5
, ,5S t k F t k tk
          
Sample Period:        Sep 1, 2004 - Oct 31, 2004








ˆ 0.0003 0.2645 0.0% 0.0%
5ˆ 0.0673 2.6543* 0.0% 2.6%
4ˆ 0.0004 0.0153 2.6% 5.1%
3ˆ 0.0469 1.8173 2.6% 0.0%
2ˆ 0.1074 4.1397* 2.6% 5.1%
1ˆ 0.0553 2.1241* 33.3% 0.0%
0ˆ 0.3771 14.4037* 59.0% 0.0%
1ˆ 0.2186 8.3055* 5.1% 0.0%
2ˆ -0.0323 -1.2229 5.1% 2.6%
3ˆ 0.0201 0.7638 7.7% 2.6%
4ˆ -0.0294 -1.1237 7.7% 2.6%
5ˆ -0.0019 -0.0737 12.8% 2.6%
*Significant at the 0.05 level
1. The return innovations for the STI stock index and SiMSCI futures contract are the residuals from 
an ARMA(1,1) model fit to the return series each day.
2. Parameter estimates obtained from times series regression across all 5-minute returns in all days of 
the period excluding overnight returns. 
3. The t-ratio corresponds to the null hypothesis that the respective coefficient equals zero




Parameter Estimates from Regression of STI Stock Index Returns ( ,S tR ) on 
Lag, Contemporaneous and Lead SiMSCI Spot Month Futures Contract 
Returns ( ,F tR )
5
, ,5S t k F t k tk
R R        
Sample Period:        Sep 1, 2004 - Oct 31, 2004








ˆ -0.0005 -0.4417 0.0% 0.0%
5ˆ 0.0631 2.4658* 0.0% 5.1%
4ˆ -0.0119 -0.4538 0.0% 2.6%
3ˆ 0.0170 0.6395 5.1% 0.0%
2ˆ 0.1086 4.0496* 2.6% 5.1%
1ˆ -0.0298 -1.1055 35.9% 0.0%
0ˆ 0.3062 11.2887* 41.0% 0.0%
1ˆ 0.2735 10.0352* 2.6% 0.1%
2ˆ -0.0453 -1.6488 2.6% 2.6%
3ˆ 0.0580 2.1144* 2.6% 5.1%
4ˆ -0.0329 -1.2061 7.7% 2.6%
5ˆ 0.0203 0.7841 12.8% 5.1%
*Significant at the 0.05 level
1. Parameter estimates obtained from times series regression across all 5-minute returns in all days of 
the period excluding overnight returns. 
2. The t-ratio corresponds to the null hypothesis that the respective coefficient equals zero




Parameter Estimates for the unrestricted BEKK-GARCH(1,1) model on the 
STI Stock Index Returns ( ,S tR ) and the SiMSCI Futures Contract Returns 
( ,F tR )









1ˆ -0.0001 -0.0506 0.0% 0.0%
2ˆ 0.0018 0.9812 2.6% 0.0%
1ˆ 0.0161 0.0958 5.1% 10.3%
2ˆ -0.1012 -0.3652 0.0% 2.6%
1ˆ -0.1762 -1.0750 7.7% 7.7%
2ˆ 0.2003 0.7266 5.1% 0.0%
11
0Aˆ 0.0190 0.1151 0.0% 0.0%
21
0Aˆ 0.0033 0.0077 0.0% 0.0%
22
0Aˆ 0.0052 0.0001 0.0% 0.0%
11
1Aˆ 0.2402 4.4725* 10.3% 0.0%
21
1Aˆ 0.0268 0.5574 0.0% 0.0%
12
1Aˆ 0.0143 0.1669 0.0% 0.0%
22
1Aˆ 0.2563 3.5996* 5.1% 0.0%
11
1Bˆ 0.8672 5.8510* 61.5% 0.0%
21
1Bˆ 0.0497 0.2795 0.0% 0.0%
12
1Bˆ -0.0158 -0.0615 0.0% 0.0%
22
1Bˆ 0.7823 3.9845* 41.0% 0.0%
*Significant at the 0.05 level
1. The t-ratio corresponds to the null hypothesis that the respective coefficient equals zero
2. The last columns report the percentage of trading days showing significant positive and negative 
coefficients respectively.
3. The standard error of the parameter estimate is computed across days.
